Abstract-Accurate indoor position tracking of moving users is essential in ambient assisted living (AAL) applications. In this paper, in view of designing a smart rollator helping impaired or elderly people to navigate in indoor environments (e.g. shopping malls, railway stations or airports), a position tracking estimation technique is described and the performance of different variants are compared through simulations. The proposed solution is based on an extended Kalman filter (EKF), which in turn relies on the measurement data provided by two encoders, a gyroscope a short-range radio-frequency identification (RFID) system and a possible further low-rate, high-accuracy orientation measurement system. Some simulation results confirm that the position tracking accuracy of the proposed technique is fairly good even if the distance between RFID tags is quite large (i.e. in the order of a few meters).
I. INTRODUCTION
Indoor localization and position tracking are useful in a multitude of applications including (but not limited to) asset tracking, robotics, ambient-assisted living (AAL) and other scenarios where context awareness is of primary importance [1] . Many solutions have been developed for localizing moving targets indoors, e.g. through ultrasonic sensors [2] , [3] , cameras [4] , [5] , laser range-finders [6] , [7] and a variety of wireless techniques. Some of them are based on time-ofarrival (ToA) or round-trip-time (RTT) measurements of ultra wide-band (UWB) pulses [8] , [9] or chirp-spread spectrum (CSS) signals [10] , [11] ; others techniques rely on radio signal strength (RSS) measurements [12] , [13] , [14] or on a combination of both approaches [15] . In some contexts, radio-frequency identification (RFID) systems have been used to recover the position of the target [16] , [17] . While all techniques listed above, when considered individually, exhibit advantages and drawbacks, many current research works dealing with indoor localization try to exploit the benefits of different solutions through data fusion algorithms. In general, data fusion is the process of automatic detection, association and correlation of data from multiple information sources to help users make appropriate decisions in complicated scenarios [18] . In [19] Global Positioning System (GPS), barometer, range, inertial and magnetic sensors data are processed using recursive Bayesian estimation algorithms and are combined with a-priori information provided by a map and human motion models. In [20] encoders and RFID data are merged to minimize the position estimation errors. Other applicable sensor fusion solutions for localization purposes based on the joint use of RFID systems and visual or ultrasonic sensors are described in [21] and [22] , respectively. However, in crowded areas, even the uncertainty associated with ultrasonic or imagebased distance measurements (which typically provide the most accurate results in line-of-sight conditions) may be occasionally quite large due to the presence of obstacles. Furthermore, using a large number of RFID tags can be impractical or even impossible in some environments. For such reasons, if position tracking needs to be performed in crowded spaces, the localization system should be mainly autonomous, i.e. just relying on low-rate or sporadic external adjustments. This scenario is described also in the DALI project [23] , whose ultimate goal is to design a smart rollator (in the following referred to also as cWalker) assisting elderly or impaired people to navigate safely in large public locations such as shopping malls, railway stations or airports. The proposed solution relies on an extended Kalman filter (EKF) processing data from dead-reckoning sensors (i.e. encoders and gyroscopes) and a short-range RFID reader. A limited amount of low-cost passive RFID tags stuck or embedded in the tiles (wherever possible) can be used to correct the trajectory. Embedding RFID tags in tiles is indeed a new approach that was also suggested for pedestrians [24] . In this paper, some EKF variants are compared in view of finding the best trade-off between position tracking accuracy and system cost and complexity. In the following, at first in Section II the localization problem is shortly formalized. In Section III the proposed estimator and the available variants are described theoretically. Finally, in Section IV some simulation results are shown. Some interesting conclusions are drawn in Section V.
II. GENERAL OVERVIEW AND PROBLEM FORMULATION
A qualitative overview of the context where the cWalker prototype is supposed to be used is shown in Fig. 1 . W = {O w , X w , Y w , Z w } represents a fixed, right-handed world reference frame, where Π = X w × Y w describes the plane of motion, Z w points outwards plane Π and, finally, O w is the origin of the reference frame. The rollator consists of two passive front caster wheels and two fixed rear wheels. Let
T be the kinematic configuration of the rollator (namely its state), where (x, y) are the Cartesian coordinates of the mid-point of the wheel axle on plane Π, while θ is the cWalker orientation w.r.t. axis X w , as shown in Fig. 1 . The kinematic model describing the motion of the rollator is given byṡ
where v is the rollator forward linear velocity and ω is its angular velocity. If d is the wheel axle length and r the radius of the wheels, it follows that
where ω r and ω l are the angular velocities of the right and left wheels, respectively. On the basis of this kinematic model, the aim of this paper is to study the set of sensors, their parameters and the preferable data fusion approach to minimize the error s −ŝ between the actual state s of the system and its estimatê s. In order to address this measurement problem, the following sensors are assumed to be installed on the rollator, i.e.
• An incremental encoder in each rear wheel;
• A frontal RGB-D camera, which can be potentially used also for short-range situation assessment; • A triaxial gyroscope located in the central top part of the rollator; • An RFID reader with a range of some tens of cm placed below the rollator and with the antenna approximately 20 cm above the ground. Multiple low-cost passive RFID tags with known coordinates with respect to W will be stuck on the ground or embedded in the tiles. As known, the localization techniques relying just on dead-reckoning sensors exhibit unbounded uncertainty growth [20] , [25] . Therefore, external position measurements must be performed to adjust the rollator position in W . Short-range RFID tag reading solves this problem because: i) passive RFID tags are cheap; ii) position measurement uncertainty must be smaller than the RFID reading range (i.e., in the order of a few tens of cm). Quite importantly, the distance D RF ID between adjacent pairs of tags along axes X w and Y w has to be larger than the RFID reading range to avoid simultaneous detection of multiple tags. Given that tag reading is event-based (as it depends on the actual trajectory of the user), odometry accuracy alone must be also evaluated to determine the maximum distance that can be traveled by the rollator without external adjustments, while assuring a worst-case positioning error smaller than 1 m. It is worth emphasizing that plain RFID tag detection per-se does not provide any information about rollator orientation. Unfortunately, while angular velocities can be determined easily and at a high rate through a gyroscope, the measurement uncertainty associated to angular velocity values tends to accumulate, thus leading to large orientation errors after a while. This behavior is due to the dead-reckoning property of gyroscopes and inertial measurements in general. On the other hand, the frequent use of the front camera for orientation measurements would greatly affect the computational burden, thus limiting the real-time position tracking capability of the cWalker. For such reasons the use of the front camera has to be very parsimonious and angular adjustments should be performed at a very low rate (i.e. every some tens of seconds).
III. SENSOR FUSION WITH KALMAN FILTERING

A. Model Definition
In (1) the inputs of the model are the linear and angular velocities of the rollator. As the encoders provide information about wheels separately, the state equation can be changed in order to explicitly consider the left and right wheel velocities. As a result, (1) can be rewritten aṡ
and the discretized version of (3) is
where T s is the sample time used for discretization. Notice that in (4) wheel velocities are assumed to be constant during every sample period. As encoders measure the distance traveled by each wheel, (4) can be rewritten as
where ΔΦ r k and ΔΦ l k are the angular displacements of the right and left wheels, respectively, during the k-th period kT s , with k ∈ Z. More compactly, (5) can be expressed as follows
where
If the values of ΔΦ k are measured by encoders, then it follows from (6) that
where 
T represent the respective independent uncertainty contributions.
If the state of (7) could be observed at every sample time kT s , then the system output matrix would just coincide with the 3 × 3 identity matrix. However, the rollator planar position can be measured only when an RFID tag is detected, whereas the rollator orientation can be determined only when either the gyroscope or the camera-based technique are used (possibly with sample periods quite different from T s ). As a result, four alternative scenarios are possible, i.e.
• Case I: the rollator absolute planar position is measured by the RFID reader, but no orientation data are available at the same time; • Case II: the rollator orientation is measured by integrating gyroscope data or through the camera-based system, but no information about planar position is available at the same time; • Case III: both position and orientation are measured at the same time; • Case IV: no measurement data are available at time kT s .
In this case the localization system can just rely on encoders. In order to reflect the previous cases, different output matrices have to be considered. Accordingly, the measurement equation can be expressed as
0 2 is a two-element, all-zero column vector, I 2 and I 3 are the 2 × 2 and 3 × 3 identity matrices and finally
T is the vector of the uncertainty contributions related to the measurement of x k , y k and θ k , respectively. Moreover, when no measurement data are available (Case IV), (8) is undefined.
B. Extended Kalman Filter (EKF) Definition
As stated in the Introduction, the algorithm used to combine the information coming from encoders, RFID tags, gyroscope and camera is an extended Kalman Filter (EKF) based on (6). In the case of linear systems, the Kalman filter is the optimal minimum mean-square-error (MMSE) state estimator when process and measurement noises are white and normally distributed. Such assumptions do not strictly hold in the case described in this paper, because some measurement uncertainty terms are certainly not stationary (due to the deadreckoning property of inertial sensors) and because the RFID position uncertainty contributions, even if stationary, can be hardly assumed to be Gaussian. In spite of such limitations, the Kalman filter algorithm is still the best linear MSE state estimator [26] . Although external position and orientation data can be used to adjust the state of the system directly (i.e. without applying the Kalman filter), the use of the Kalman filter offers various benefits, i.e.
• The Kalman filter has an excellent ability of combining multiple sensors data, by properly weighing variances and covariances of different contributions; • The Kalman filter works also in non-stationary conditions and it is able to smooth unrealistic sudden changes and fluctuations of the estimated trajectory, thus improving repeatability and robustness; • Due to the internal model principle underlying Kalman filter definition, the sequence of measured (x, y) values help to mitigate orientation uncertainty as well. If all systematic uncertainty contributions are properly compensated (so that the elements of k and ζ k can be supposed to have a negligible mean), the prediction equation of the EKF is given by [26] ŝ
whereŝ k denotes the state estimated at time kT s and superscript · + stands for prediction. Moreover, by linearizing (6) the state prediction covariance results from
where F k is the Jacobian of (10) with respect to
G k is the Jacobian of (10) with respect to ΔΦ r k and
and Q k is the covariance matrix associated with k . Since the right and left wheel encoders are supposed to be nominally identical, but they are affected by independent noises resulting from the superimposition of multiple uncertainty contributions such as limited resolution and mechanical vibrations, it is reasonable to assume that
along the main diagonal. Consider that both variances change over time, as they depend on wheels displacement during the k-th sample time period kT s .
The Kalman gain for Cases I,II and III (in Case IV the Kalman gain is undefined) is given by
where C k+1 is defined as in (9) and D k+1 is the covariance matrix associated to ζ k+1 . In particular, this covariance matrix depends on the type of available measurements, i.e.
Case I, is the variance of ζ θ k+1 .
The RFID-based measurement uncertainty can be described by a uniform distribution with a circular symmetry centered in every passive RFID tag and with a radius equal to the RFID reading range R. This uncertainty model relies on the following assumptions derived from practical experience, i.e.
• The short-range RFID reader exhibits an almost isotropic behavior if a suitable antenna is chosen and if the reader is properly installed on the rollator; • The probability of detecting a tag outside the reading circle is zero, as in this case the energy induced into the passive tag is not large enough to turn it on; • The probability of detecting an RFID tag when the rollator enters into the tag reading area can be reasonably supposed to be the same in every point of the circle, regardless of user speed and direction. Under these assumptions, it can be easily proved that σ As far as the uncertainty in measuring θ is concerned, the behavior of σ 2 θ k+1 strongly depends on how rollator orientation is measured. When the gyroscope is used σ 2 θ k+1 is nonstationary and monotonically increasing, being a function of both the time (due to the dead-reckoning effects) and the instantaneous angular velocity. By extrapolating some experimental results collected using a real triaxial gyroscope over different trajectories, we observed that
with σ θ k growing almost linearly as a function of time. If the camera-based system is used instead, the orientation measurement uncertainty in line-of-sight conditions can be reasonably assumed to be normally distributed with zero mean and σ θ k constant over time, i.e. stationary. It has to be noted that the camera-based orientation system could be also used to reset the angular uncertainty accumulated by the gyroscope, thus leading to better overall performance.
Once the Kalman gain is computed and the measurement data o k+1 are collected, the updated position estimate and the corresponding state covariance matrix at time (k + 1)T s in Cases I,II or III are finally given bŷ
In Case IV instead no innovation terms can be injected into the EKF, since no measurements are available. In such conditions the state estimate and the corresponding covariance matrix can just rely on the last prediction, i.e.
IV. SIMULATION RESULTS
The accuracy of the estimation algorithm described in Section III has been analyzed through Matlab/Simulink simulations in three configurations of practical interest and increasing cost and complexity, i.e.
• Configuration A: no orientation measurements are performed (the gyroscope and the camera-based orientation measurement system are supposed to be disabled). So, only the RFID-based planar position values are used to update the EKF; • Configuration B: both the RFID reader and the gyroscope are used in the update phase of the EKF. Consider that while RFID measurements are event-based (i.e., their occurrence depends on trajectory), the gyroscope sample time is assumed to be the same as the encoders one; only when the low-rate camera-based orientation corrections are applied accuracy grows drastically.
Similar conclusions can be also drawn from Fig. 3(a) with T c = 60 s (thin solid lines) and T c = 10 s (thick solid lines). The open-loop case (i.e., based only on encoders) is also shown (dotted lines) for comparison purposes. Observe that the RMS estimation errors in Configuration A tend to grow steadily over time. This is due to both infrequent RFID tag detection and lack of measurement data about cWalker orientation. However, accuracy is clearly much better than in the open-loop case. In fact, if no external adjustments are applied, position uncertainty grows much faster. On the contrary, when the RFID position values are used in the update phase, the system dynamic on which the EKF is based mitigates the uncertainty associated withθ as well, even if orientation is not measured by any sensor.
In Configuration B, two opposite situations occur. In the short term, (i.e., during the first 80-90 s) the presence of the gyroscope improves the overall estimation accuracy. However, in the long term the gyroscope tends to degrade performance considerably, because of its accumulated uncertainty. Therefore, the use of the gyroscope can be avoided if it cannot adjusted periodically. In this respect, the use of the camera in Configuration C with T c = 60 s provides an excellent tradeoff between performance and computational burden, since the RMS values along X w and Y w are steadily below 50 cm. Of course, performance can be further improved by simply measuring the orientation of the platform at a higher rate (e.g., with T c = 10 s).
V. CONCLUSIONS
This paper deals with the problem of tracking the position of a smart rollator used by impaired people moving in large indoor environments. The proposed estimation algorithm relies on an extended Kalman filter (EKF) processing and fusing data from various sensors, i.e. an RFID reader, encoders, a gyroscope, and a camera. The state of the system (namely the position of the rollator) predicted by the EKF using the data from the wheel encoders is updated anytime an RFID tag placed on the ground or inside a tile is detected by the reader. Orientation measurements are not strictly necessary, but they can be used, properly combining gyroscope-based and camerabased angular values, to further improve performance. Several simulation results show that a good trade-off between accuracy and cost can be obtained.
